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Focal Area(s)  
(1) We put forward the concepts of data assimilation enabled by machine learning, AI, and advanced 

methods including experimental/network design/optimization and unsupervised learning applied 
to downscale information within Earth System Models (ESMs). 

(2) We discuss predictive modeling through the use of AI techniques and other tools to design a 
prediction system comprising of a hierarchy of models (e.g., AI-driven 
model/component/parameterization selection) to improve the characterization of extreme 
hydroclimate events in ESMs. The AI-based models will run five-six order of magnitude times 
faster, yet will provide similar accuracy, allowing us to provide range bounds on uncertainty 
faster and thus enabling faster extreme event identification. 

(3) Further, we consider the insight gleaned from complex data (observed/simulated) using AI, big 
data analytics, and other advanced methods, including explainable AI and physics- or 
knowledge-guided AI to improve the characterization of extreme hydroclimate events in ESMs. 

Science Challenge 
Hydroclimate extremes and perturbations are becoming increasingly common and intense at regional 
and global scales1, and represent a major threat to national and global security. Future climate changes 
may allow for unprecedented rapid energy development in many regions2, with reverberations to 
economy and society3-5. Concurrently, climate-change-induced increases in extreme events may hinder 
energy development, and critical energy infrastructure may experience severe damages as climate 
tipping points are exceeded1. Perturbations lead to cascading effects that ultimately impact regional 
stability. As these destabilizing impacts occur, the system moves into a ‘no analog’ future where the 
historic period may be a poor indicator of the magnitude, return interval, and timing of future events6, 
from which recovery is difficult if not impossible. Despite this, some of the most vital tools to examine 
the climate change impacts, for instance, Earth System Models (ESM), do not replicate extreme events 
adequately. The recent advances in ML/AI show promise in filling this gap within ESMs. Our 
overarching vision is that ESMs require: 1) an improved research framework to integrate AI-assisted 
assimilation of observed extremes, 2) physics-informed machine learning for faster predictions of 
model/component/parameterizations, and 3) AI-informed data analytics to detect, characterize, and 
assess uncertainties in extreme hydroclimate events, addressing focus areas 1-3. 

Rationale 
Extreme hydroclimate events are typically estimated using downscaled climate model outputs, executed 
offline within land surface models to characterize and assess their impacts (e.g., drought, flooding) in 
the medium to long-term (50-100 years)7. Alternatively, we can use high-resolution, fine-physics models 
to forecast the impact of extreme hydroclimate events in the near-term future at fine spatial locations 
(e.g., forest fires). The fine-scale approach is time-consuming and relies upon tiers of pre-/post-
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processing, data archival, collection of observations (where extremes are not represented or are limited 
in their numbers in the records), and the application of sophisticated statistical methods for identifying 
extreme events8,9. Rather than using tiers of models and processing/analysis steps, embedding some of 
these approaches directly within ESMs will revolutionize the efficiency and efficacy by which 
researchers understand extremes, and will vastly improve mitigation and adaptation approaches to 
manage extreme hydroclimate events better.  

Although changes in extreme events are occurring 
regionally and globally, there is a gap in the ability of 
regional models and ESMs to represent extremes 
because these models fail to capture the physical 
mechanisms governing changing land cover and land use 
at scales to characterize responses accurately in space or 
time1,10-12. Therefore, alterations and feedbacks to the 
regional and global climate system from extreme events 
cannot be adequately captured and the impact of shifting 
frequency, intensity, and reoccurrence of extremes is 
currently not well known13. Additionally, observations of 
extreme events are rare by nature, and thus, the 
methodology to determine changes in events must be 
carefully considered to assess impacts correctly and 
present reliable results for decision-making purposes14. 
Finally, since the current science of extreme events includes local perturbations, it typically considers 
impacts on easily obtainable (e.g., temperature) but highly uncertain (e.g., precipitation) 
singular/independent variables, and disregards cumulative shifts in concurrently changing hydrological 
variables (e.g., forest fire followed by an atmospheric river event).  

Understanding singular extreme impacts is insufficient to define the problem or capture the range of 
responses and associated uncertainties that lead to the no-analog future and a decline in ecosystem 
function. The state-of-the-art science, therefore, completely misses the risk associated with concurrent 
extreme events that are a) interlinked, b) result in strong feedbacks to regional and global climate, and c) 
can exacerbate threshold behavior leading to new equilibria (Figure 1)15,16. Thus, a critical gap exists in 
predicting vulnerabilities and their impacts at regional and global scales in support of DOE’s energy and 
environmental missions.  

Current methods are hierarchical, independent, and require much manual work to carry them out (i.e., 
Coupled Model Intercomparison Project-level scale projects and databases, which are time-consuming 
and inefficient). A new paradigm in ESMs is to process observations using AI-assisted assimilation to 
define extremes, and compare/contrast their occurrence and character within observations to the ESM-
derived events for in situ downscaling. Additionally, the use of reduced-order physics models embedded 
as sub-models in ESMs and coupled with ML reductionist analytical methods to assess extreme events 
and characterize their distributions will vastly improve parameterizations to better capture these events 
and represent them within ESMs. 

	 Figure 1. Shifting mean and variability in 
temperature and what this means for rain, 
snow, warm weather and hot droughts. 
Colorado River basin, USA. 
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Narrative 
The development of ESMs capability to identify, characterize, parameterize extreme hydro-climate 
events will revolutionize the field of earth sciences by allowing for actionable science tools from ESMs 
towards mitigation and adaptation to these disruptive and destabilizing events. Observations of extremes 
exist in many different global databases (e.g., GHCN, SNOTEL, ARM)17-19. These observations can be 
automatically collected/assimilated using AI-assisted techniques, such as unsupervised ML approaches. 
Unsupervised ML approaches are known to identify patterns, key features, and dominant signals in 
complex data20. Dimensionality reduction methods such as principal component analysis (PCA) or more 
recent advances such as non-negative matrix/tensor factorization methods can be used to downscale and 
identify key signals and features of extreme events20,21. One of the most important components is to 
automate a definition at which the ESM will determine it requires the assimilation components to ensure 
that assimilated data does not result in other unintended consequences or physical changes within the 
model itself. Once these methods provide downscaled signals and features, ML scientists can work with 
climate scientists to interpret and define these outputs22,23. 

Another way that ML/AI can significantly improve existing ESM workflows is through reduced-order 
models that use ML. Instead of running computationally intensive fine-scale models, ML/AI models that 
mimic the underlying physics and are 5-6 orders of magnitude faster, can be used24. For instance, 
methods such as ensemble and multilayer perceptions have been shown to provide excellent (accurate 
yet fast) reduced-order models for complex nonlinear physics25. Reduced-order physics models 
embedded as sub-models within ESMs coupled with ML reductionist methods to assess extreme events 
and characterize their distributions, and for improved parameterization to better capture these events and 
represent them within ESMs. 

ML/AI supervised techniques such as convolutional neural networks can be used to fill the gap between 
ESM and observations26. Computational infrastructure using ML/AI that links ESM and observational 
data are needed that improve the state-of-the-art in several ways: a) parameter estimation; b) data 
assimilation—once the ML/AI models are trained with initial observational data (along with ESM data 
or within ESM workflow) they can be re-trained on the fly as new observational data comes in27. As 
aspects in a) and b) are learned by the ML/AI model; it can help climate scientists with experimental 
design; for instance, it can help in identifying where the next sensor should be ideally placed.  

Through such methods, the ESM-predicted extreme events (i.e., maximum precipitation) distribution 
can be extracted, and this distribution can be compared to observations to see that extremes are 
accurately captured in the ESM28. Once the ESM can be downscaled, trained or tuned to the assimilated 
observations of extremes, and ML/AI- assisted physical extreme events characterization will be vastly 
improved, and the intensity, frequency, magnitude, and reoccurrence of such events can be looked at 
within the model directly, rather than through a cascade of downscaled model outputs and secondary 
land surface and/or physical models. ML/AI approaches embedded within ESMs will allow for 
researchers to move more quickly to action on both mitigation and adaption measures, to protect society 
and economy from the deleterious effects and impacts of extreme hydroclimate events.   
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